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Abstract. This paper provides a comprehensive review of multimodal deep learning models that
utilize conversational data to detect mental health disorders. In addition to discussing models
based on the Transformer, such as BERT (Bidirectional Encoder Representations from
Transformers), this paper addresses models that existed prior to the Transformer, such as
convolutional neural networks (CNNs) and recurrent neural networks (RNNSs). The paper covers
the application of these models in the construction of multimodal deep learning systems to detect
mental disorders. In addition, the difficulties encountered by multimodal deep learning systems
are brought up. Furthermore, the paper proposes research directions for enhancing the
performance and robustness of these models in mental health applications. By shedding light on
the potential of multimodal deep learning in mental health care, this paper aims to foster further
research and development in this critical domain.
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1. Introduction

Mental disorders, such as anxiety and depression, continue to be the primary global cause of burden,
afflicting millions of people of all ages [1]. Despite the availability of treatment options, the prevalence
and burden of mental disorders have remained relatively constant over time, with little effect on reducing
their impact [1]. Early detection and intervention are essential for mitigating the negative impact of these
conditions on the quality of life of individuals and preventing more severe long-term effects [2]. Deep
learning techniques from artificial intelligence were recently developed to assist mental health
practitioners in making decisions based on historical patient data, such as healthcare records,
psychological information, and activity on social networks [3].

An intriguing area of research is the development of multimodal deep learning models for diagnosing
mental disorders using interactive data [4]. These models utilize data from multiple sensory modalities,
such as speech, text, and facial expressions, to better comprehend and recognize emotional
communication patterns associated with mental health issues [5]. Multimodal deep learning models can
be divided into two broad categories: Transformer-based models, which take advantage of the advanced
capabilities of the Transformer architecture, and pre-Transformer models, which rely on earlier methods
for deep learning such as long short-term memory (LSTM), CNN, and RNN.

© 2023 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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This literature review focuses on the differences between pre-Transformer and Transformer-based
techniques and provides a comprehensive overview of recent advances in multimodal deep learning
systems for detecting mental disorders using conversational data. The author discusses the advantages
and disadvantages of various models, focusing on how they might be used in mental health assessment
and diagnosis, in addition to future research directions and challenges within this swiftly evolving area.

2. Pre-Transformer deep learning models for mental disorder prediction using conversational
data

Section 2 provides an overview of pre-Transformer models used to detect mental disorders from
conversational data. Prior to the development of Transformer-based models, RNNs, CNNs, and LSTM
networks were extensively used in a variety of applications. The efficacy of these models in identifying
mental disorders will be investigated and examples showing how they are currently employed in the
field of mental health will be provided to evaluate diverse modalities, such as text, speech, and facial
expressions. By examining these pre-Transformer models, this paper aims to establish a solid foundation
for comprehending the creation and development of deep learning approaches in the context of mental
health research.

2.1. Overview of pre-Transformer models and their categories

2.1.1. CNNs. CNNs are a family of machine learning algorithms designed primarily for processing grid-
like input, such as photographs with significant spatial correlations between features. CNNs consist of
numerous layers, including convolutional, pooling, and fully linked layers. A crucial component of a
CNN is the convolutional layer, which executes convolution procedures on the input data. Each
convolution process uses a group of learnable filters, or kernels, to identify particular characteristics or
patterns in the data. Pooling layers are then used to reduce the spatial dimensions of the feature maps
generated by the convolutional layers, thereby reducing the network's computational cost and improving
its generalization ability. Typically, fully connected layers are employed at the network’s endpoint for
classification purposes. Figure 1 illustrates the architecture of a typical CNN, proposed by Krizhevsky
etal. [6].

P S : — CAR
N\ / — TRUCK
/ \ \/ — VAN
— . L / S
= 5 . [ 3 N ] i ::,/ .
” . 1 AR :
e_im [] — BicYcLE
; FULLY
INPUT CONVOLUTION + RELU  POOLING CONVOLUTION + RELU  POOLING AN FULLY - soFtmax
FEATURE LEARNING CLASSIFICATION

Figure 1. A typical CNN architecture. Initial layer neurons connect to a localized region of the input
image, allowing them to capture local features [6].

As seen in Figure 1, the network consists of convolutional and pooling layers, with the convolutional
layers learning spatial hierarchies and the pooling layers subsampling to reduce spatial dimensions.
Towards the end of the architecture, multiple fully interconnected layers are used for advanced reasoning
and feature integration. A softmax decision layer is then utilized to generate class probabilities, which
facilitates classification tasks.

CNNs are able to learn hierarchical data representations that capture both low-level and high-level
characteristics due to the combination of convolutional and pooling layers. In computer vision, CNNs
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are efficiently used for a variety of tasks such as semantic segmentation, object recognition, and picture
categorization [6-8]. This is due to their ability to learn spatial hierarchies. CNNs can be used to assess
visual data, such as facial expressions or body gestures, in the context of mental health detection to
identify patterns and emotions associated with mental diseases [9].

2.1.2. RNNs and LSTM. RNN is a type of neural networks that have been developed to process
sequential data. RNNs maintain internal states that allow them to comprehend temporal dependencies
in the input data, as opposed to feedforward networks such as CNNs that analyze each input separately.
This makes sequence-based tasks, such as time series analysis, natural language processing, and speech
recognition, ideally suited for RNNs [10-12].

The architecture of an RNN consists of input, hidden, and output layers. At the hidden layer, recurrent
connections that generate network loops allow data to persist over time steps. At each time step, the
hidden layer receives both the current input data and the hidden state from the prior time step. On the
basis of the current hidden state, the output layer makes a forecast. It has been demonstrated that the
LSTM network, which is one of the most popular RNN types, is effective at learning long-term
dependencies in data sequences. Memory cells, input gates, forget gates, and output gates are the
components of the LSTM architecture. The gates control the passage of information through and out of
memory cells, whereas memory cells retain data over an extended period. The input gate determines
how much of the present input information is to be added to the memory cell, the forget gate determines
how much of the memory cell's prior state is to be retained, and the output gate determines how much
of the memory cell's content will be transmitted to the output. Figure 2 shows the structure of the
memory block [13].
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Figure 2. Three-layer LSTM architecture with recurrent connections limited to the hidden layer [13].

According to Figure 2, the hidden layer consists of four extended LSTM memory blocks, though
only two are shown for clarity. Every memory block is composed of two memory cells. The diagram
depicts a simplified view, revealing only a subset of the LSTM structure's connections. In the context
of mental disorder detection, RNNs have been used to model the temporal dynamics of conversational
data, such as speech signals and text transcripts, in order to capture and identify individuals' emotions
[14].

2.2. Multimodal deep learning systems based on pre-transformer models

This section discusses multimodal deep learning systems that use conversational data to identify mental
diseases using pre-Transformer models. Typically, these systems combine CNNs for processing visual
data, such as body language and facial expressions, with RNNs or LSTMs for handling temporal data
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from speech signals and text transcripts. One system proposed by Malhotra et al. combines CNNs, RNNs,
and LSTM networks using a multimodal deep learning-based architecture [15]. Several criteria,
including accuracy, precision, recall, and F1-score, are used to evaluate the system's effectiveness. The
results indicate that the proposed system is highly accurate at identifying depression and behaviors that
may result in self-inflicted harm in social media posts. The structure of this system is shown in Figure
3[15].
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Figure 3. Architecture of the system proposed for multimodal examination of social media posts by
Malhotra et al. [15].

Singhal et al. [16] proposed an alternative method for combining audio and text data using a
Bidirectional Long Short-Term Memory (BiLSTM) model. The BiLSTM model is a variant of recurrent
neural networks that processes input sequences both forward and backward. Audio and text data are
preprocessed prior to being entered into distinct BiLSTM models. The outputs from each modality are
then combined and routed via a thick layer for categorization purposes. BiLSTM model hyperparameters
include the learning rate, the number of epochs, the optimization method, the loss function, and the
activation function for the dense layer. The 74.3% accuracy and 5.14% error rate attained by the
multimodal technique are superior to individual modalities, as demonstrated in the study of Rahul
Singhal, et al. [16].
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3. Transformer-based deep learning models for mental disorder prediction using conversational
data

3.1. Overview of transformer models and their categories

This section will give a summary of Transformer models and their respective categories, with a
particular emphasis on the original Transformer and its multi-head attention mechanism, as well as
BERT.

3.1.1. Transformer model. Transformer models, a subset of deep learning architectures, have
completely changed the natural language processing (NLP) industry and have now been applied to a
number of other fields. These models use self-attention techniques to interpret input data, which enables
them to effectively capture distant connections and intricate relationships. In several NLP tasks,
transformer models have outperformed earlier state-of-the-art models, like RNNs and LSTMs.

The original Transformer, developed by Vaswani et al., consists of a multi-head self-attention
mechanism that allows the model to concurrently attend to various parts of the input sequence [17]. The
multi-head attention mechanism, which allows the model to simultaneously learn and focus on multiple
elements of the input data, is an integral component of the Transformer architecture. Each attention head
on the multi-head attention block is specialized in identifying specific relationships within the data as it
simultaneously computes various attention mechanisms. As a result, the model is better able to
comprehend intricate patterns and relationships between various points in the input sequence. Encoders
and decoders are used for tasks such as machine translation and sequence-to-sequence learning in the
original Transformer model. As shown in Figure 4, each encoder and decoder in the architecture consists
of multiple identical layers. The encoder layers contain multi-head self-attention mechanisms and
position-wise feed-forward networks, whereas the decoder layers contain a multi-head attention
mechanism that attends to the encoder's output. Throughout the model, residual connections and layer
normalization are utilized. Input and output embeddings incorporate positional encoding to preserve the
order of the input sequence.

3.1.2. BERT Model.BERT is a significant variant of the Transformer model proposed by Devlin et al.
[18]. It is an unsupervised, pre-trained language model that can be customized for a number of
downstream applications, such as sentiment analysis, question answering, and named entity
identification [18-20]. The primary innovation of BERT is its bidirectional training, which enables the
model to learn context-aware word representations by analyzing input data in both directions. BERT's
performance on a variety of NLP tasks is enhanced by its bidirectional training, which enables it to
collect more precise contextual information.
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Figure 4. The architecture of the original Transformer model [17].

3.2. Multimodal deep learning systems incorporating transformer models

This section investigates the application of Transformer models to multimodal deep learning systems
for the identification of mental health conditions, with a particular emphasis on BERT and multi-
attention mechanisms. These systems combine different modalities, such as speech, text, and visual data,
in order to improve performance and provide a more comprehensive understanding of the underlying
mental states.

3.2.1. Utilizing BERT textual features. The depression detection model proposed by Makiuchi and
colleagues uses a multiple-modal fusion of utterance and language representation [21]. The model
employs a Gated Convolutional Neural Network (GCNN) followed by an LSTM layer for the speech
modality and pulls deep broad spectrum information from a pretrained VGG-16 network. For textual
embeddings, the model employs a CNN, which is followed by an LSTM layer. The input features for
the fusion model are the concatenation of features acquired from the unimodal models.

The suggested multimodal model has the highest Concordance Correlation Coefficient (CCC) score
of 0.403 for the DDS test partition. For the E-DAIC corpus development set, the CCC scores for the
unimodal speech and language models were 0.497 and 0.608, respectively [21].

3.2.2. Utilizing multi-attention block. The Multi-attention Recurrent Network (MARN) is a complex
deep neural network architecture with three primary components: the Long-short Term Hybrid Memory
(LSTHM), the Multi-attention Block (MAB), and the output layer [22]. LSTHM is a common
component that models the unique dynamics of each modality. It consists of a hybrid memory cell that
combines data from both short-term and long-term memory cells, in addition to long-term memory cells.
Each modality is assigned an LSTHM, allowing it to store crucial cross-view dynamics associated with
it. The MAB component of MARN stores the temporal interactions between modalities in the hybrid
memory of the LSTHM. Using attention mechanisms, the MAB focuses on different parts of the input
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sequence at each recurrent time step, thereby effectively capturing significant cross-modal interactions.
The output layer of the MARN generates predictions for a variety of tasks, such as sentiment analysis,
speaker attribute recognition, and emotion recognition [22]. The system's architecture is depicted in
Figure 5 [22].
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Figure 5. The architecture of the MARN, which consists of LSTHM and MAB components [22].

According to the paper, MARN has demonstrated leading-edge performance on six publicly available
datasets for multimodal sentiment analysis, speaker trait recognition, and emotion recognition [22]. The
CMU-MOSI dataset, which includes text, audio, and video modalities, yields the remarkable results.

4. Potential applications of multimodal deep learning models in mental health

Multimodal deep learning models have a great deal of application potential in a variety of mental health
applications. Using data from multiple data sources, such as audio, text, and visual signals, these models
can provide an in-depth depiction of a person's mental state. Some potential uses include:

4.1. Early diagnosis and detection

Multimodal deep learning models can be used to spot patterns and cues that are connected to mental
diseases like depression or anxiety. These models could improve early diagnosis, resulting in prompt
treatments and better outcomes by monitoring speech, facial expressions, body language, and text.

4.2. Telehealth and remote monitoring

As telehealth services are more widely used, multimodal deep learning models can be quite useful for
remotely checking on patients' mental health. These models can assist clinicians in evaluating patients'
mental states and monitoring their development over time by scrutinizing video conversations, texts,
and other digital interactions. A system like this might allow clinicians to save time while also warning
them when patients exhibit symptoms that the clinicians have missed.

4.3. Customized treatment recommendations
Multimodal deep learning models can help in the creation of individualized treatment programs by
comprehending the special patterns and traits connected to a person's mental health. To meet the needs
of the person, this may entail suggestions for counseling, modifications to a patient's medication, or self-
care techniques.

Therefore, by providing prompt, precise, and individualized help, multimodal deep learning models
have the potential to change mental health care. These models could have a big impact on how mental
health concerns are identified, dealt with, and managed as they develop further.

5. Challenges facing in multimodal deep learning systems and possible next steps
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A variety of multimodal deep learning methods for detecting mental health are covered in this study.
Despite the encouraging outcomes, there are certain restrictions that call for more research:

5.1. Fusion techniques

The current multimodal models employ concatenation or late fusion, which are both rather
straightforward fusion approaches. Exploring more complex fusion techniques, including attention-
based or dynamic fusion mechanisms, may help better comprehend the connections between the
different modalities and enhance the models' overall performance and robustness.

5.2. Visual feature learning

In the investigation in this paper, the visual models performed less well than other unimodal models in
terms of results. Using cutting-edge methods for extracting visual features or using models that have
already been trained specifically for facial emotion identification are two viable directions for
improvement. This might result in a more realistic portrayal of visual signals, which are known to be
crucial for assessing depression.

5.3. Models based on social media
The systems relying on social media data for mental health detection are constrained by users'
willingness to disclose personal information and the possibility for errors when users do not openly
communicate their feelings. The accuracy of these models could be increased by creating more
sophisticated natural language processing methods to better comprehend the context and implicit
emotions in user-generated content. Also, more users may volunteer their data for mental health
assessment purposes if privacy-preserving mechanisms like federated learning or differential privacy
are studied.

It may be possible to create multimodal deep learning systems for mental health detection and
assistance that are more effective and robust by addressing these limitations and investigating these
particular research directions.

6. Conclusion

This paper explores the potential of multimodal deep learning models for detecting and treating mental
health disorders. In the context of mental health detection, the use of pre-Transformer models, such as
CNNs and RNNs, and Transformer models, such as the original Transformer and BERT, as well as how
they are combined to form multimodal deep learning systems are reviewed.

Despite the positive results, the field still faces a number of obstacles, including the need to
investigate more advanced fusion techniques, enhance visual feature learning, and refine models based
on social media data. By addressing these challenges and focusing on further research in these areas, it
is possible to develop multimodal deep learning systems for mental health detection and assistance that
are even more effective and robust.

Integration of advanced deep learning techniques into mental health care has the potential to
revolutionize the identification, treatment, and management of mental health disorders. As these models
continue to develop and mature, they can provide invaluable insights and tools for mental health
professionals, patients, and society as a whole, resulting in improved outcomes and a greater
understanding of mental health.
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